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performance predictions for flexible pavements include longitudinal 
cracking, alligator cracking, transverse thermal cracking, asphalt con-
crete (AC) rutting, total rutting, and the international roughness index 
(IRI). For given traffic and climate conditions, performance predic-
tions depend on the values of the input parameters that characterize 
the pavement materials, layers, and design features. The sensitivity 
of predicted performance to these design input values is helpful for 
identification of the inputs that most influence predicted performance, 
indicating to pavement designers where additional effort is needed for 
developing higher quality or more certain input values. The sensitivity 
of predicted performance could also help developers identify model 
components for reexamination or enhancement.
MEPDG sensitivity studies for flexible pavements began appearing 
in the literature immediately after the initial release of the MEPDG 
in 2004 (4–23). However, MEPDG sensitivity studies have been 
limited in scope, approach, and findings. These limitations include 
(a) variations of only small subsets of inputs, (b) reliance on a one-
at-a-time sensitivity methodology in which each input is varied 
individually around a baseline, (c) neglect of any correlations or 
interactions among input parameters, and (d) use of earlier versions 
of the MEPDG software and models that have since changed.
The work reported here quantifies the sensitivity of MEPDG 
flexible pavement performance predictions to design input variations. 
Only new-construction scenarios are considered; results for reha-
bilitation scenarios and full details of the overall study, including 
rigid pavement types, are available elsewhere (24). The study uses 
global sensitivity analysis (GSA) for various pavement design sce-
narios in five climatic conditions and at three traffic levels to assess 
sensitivity across the MEPDG parameter space. The procedures and 
the results of GSA sensitivity analyses are presented. The focus is 
on providing practical guidance about the most significant design 
input properties for flexible pavement analysis and design by using 
the MEPDG and Pavement ME Design.
GSA MethodoloGy
Sensitivity analysis is the apportionment of output variability from 
a model to its various inputs. A rich and powerful set of formal and 
rigorous techniques for performing sensitivity analyses has been 
developed in recent years (25). These can be categorized in a variety 
of ways. For the present discussion, the most useful categorizations 
are local sensitivity analysis (LSA) and GSA. LSA evaluates only the 
sensitivities around the reference input values for baseline cases— 
that is, the evaluation is only for very small regions of the overall 
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The new AASHTO Mechanistic–Empirical Pavement Design Guide 
(MEPDG) provides pavement analysis and performance predictions for 
various feasible design scenarios. The MEPDG performance predictions 
for the anticipated climatic and traffic conditions depends on the values 
of the input parameters that characterize the pavement materials, layers, 
design features, and condition. This paper focuses on comprehensive 
global sensitivity analyses of flexible pavement performance predictions 
to MEPDG design inputs under five climatic conditions and three traffic 
levels. Design inputs evaluated in the analyses include traffic volume, layer 
thicknesses, material properties, and groundwater depth. Correlations 
between design inputs were considered as appropriate. The global sensi-
tivity analysis varied all inputs simultaneously across the problem domain 
for each of the 15 base cases (five climates and three traffic levels). Two 
response surface modeling approaches—multivariate linear regressions 
and artificial neural networks—were developed for modeling the analysis 
results for evaluation of MEPDG input sensitivities across the problem 
domain. The response surface modeling approaches based on artificial 
neural networks were particularly effective in providing robust and accu-
rate representations of the complex relationships between MEPDG inputs 
and distress outputs. The design limit normalized sensitivity index adopted 
in the study provided a practical interpretation of sensitivity by relating 
a given percentage change in an MEPDG input to the corresponding 
percentage change in predicted distress relative to its design limit value. 
The design inputs most consistently in the highest sensitivity categories 
across all distresses were the hot-mix asphalt dynamic modulus master 
curve, hot-mix asphalt thickness, surface shortwave absorptivity, and 
Poisson’s ratio of hot-mix asphalt. Longitudinal and alligator fatigue 
cracking were also very sensitive to granular base thickness and resilient 
modulus and subgrade resilient modulus.
The AASHTO Mechanistic–Empirical Pavement Design Guide 
(MEPDG) and the related pavement design software AASHTO-
Ware Pavement ME Design provide pavement analysis and perfor-
mance predictions for various feasible design scenarios (1–3). MEPDG 
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solution space. The one-at-a-time (OAT) approach, the most com-
mon type of LSA, sequentially varies each input independently 
about its baseline value. In the GSA approach, all input parameters 
are varied simultaneously to assess sensitivity over the entire param-
eter space. Figure 1 is a schematic of the overall GSA approach used 
in this study.
Base Cases
GSA was conducted for the full ranges of all model inputs and 
outputs. However, not all combinations of model input values are 
physically plausible. For example, a thick flexible pavement on a 
stiff foundation subjected to low traffic volumes does not represent 
a realistic scenario likely to be encountered in practice. Therefore, 
a set of base cases was developed to cover the ranges of commonly 
encountered climatic conditions and traffic levels with associated 
AC and granular base layer thicknesses. GSA of flexible pavements 
encompassed 15 base cases representing five climatic zones and 
three traffic levels.
The five climatic zones used for the base case are hot–dry, hot–wet, 
temperate, cold–dry, and cold–wet. Table 1 summarizes the locations 
and weather stations used to generate the climate files for each of 
the five climatic zones. Table 1 also summarizes the binder grade 
baseline values and the grade variations for each climate zone. 
PGHigh− indicates that the high temperature grade decreases one 
step; PGLow+ indicates that the low temperature grade increases 
one step. Because binder grade is not a continuous variable, the Latin 
hypercube sampling (discussed later) was modified for this input. 
For all regular GSA runs, 80% of the simulations used the baseline 
performance grade (PG), and the remaining 20% used the PGHigh− 
(hot–dry, hot–wet, temperate) or PGLow+ (cold–dry, cold–wet) 
grades. Little or no thermal cracking was predicted with use of these 
appropriate or near-appropriate binder grades; as learned during 
the analyses, the low-temperature stiffness must be increased by at 
least two grades above the recommended value for generating sig-
nificant thermal cracking. Consequently, a second subset of GSA 
cases targeting thermal cracking was performed in which one-third 
of the simulations used the PGLow+ (low-temperature grade one 
step above baseline), PGLowTC grade (low-temperature grade two 
steps above baseline), and PGLowTC+ (low-temperature grade 
three steps above baseline).
The three traffic levels used in all GSA are summarized in 
Table 2. The ranges of annual average daily truck traffic (AADTT) 
values span the low (<5,000), medium (5,000 to 10,000), and high 
(>15,000) truck volume categories (26). These traffic volumes are put 
into a more familiar context by inclusion of the approximate numbers 
of equivalent single-axle loads. The baseline thicknesses for the AC 
and granular base layers were determined with the empirical 1993 
AASHTO design method. These baseline thicknesses and the thick-
ness ranges for each traffic category are given in Table 2. Higher traffic 
levels require correspondingly thicker AC and base layers.
Details of the traffic input such as vehicle class distributions, 
axle load distributions, seasonal and daily traffic distributions, axle 
geometric configuration, tire pressure, and traffic growth rates were 
not considered in this study.
design Inputs triage
An initial triage of design inputs was performed to identify (a) high-
sensitivity inputs to be included in the GSA, (b) nonsensitive factors 
that can be excluded, and (c) potential correlations of inputs. This 
was pursued with a combination of insight from previous sensitivity 
studies and quantitative evaluations from OAT sensitivity analyses. 
The detailed procedures and results of the design inputs triage and 
OAT sensitivity analyses are provided elsewhere (24).
The design inputs that were varied in the GSA simulations are 
summarized in Table 3. These inputs correspond to the hypersensi-
tive, highly sensitive, and sensitive design inputs as identified in the 
initial triage and confirmed by the OAT local sensitivity analyses. 
The minimum and maximum values are listed for each design input. 
Each design input was varied uniformly over each sampling interval 
between the minimum and maximum limits for generating the GSA 
simulations.
Some of the design inputs are correlated or have other characteris-
tics that warrant special treatment. Hot mix asphalt (HMA) dynamic 
MEPDG Design Input Preparation
Base Cases and Design Inputs Triage
Sampling
Latin Hypercube
MEPDG GSA Simulations
Over 40,000 MEPDG runs for flexible pavement
Respond Surface Modeling (RSM)
Multivariate Linear Regression (MVLR)
Artificial Neural Network (ANN)
Sensitivity Index Statistics
Based on 10,000 RSM evaluations/base case
FIGURE 1  Schematic of GSA approach.
TABLE 1  Climate Base Cases
Climate Category Location Weather Station Baseline PG PGHigh− PGLow+ PGLowTC PGLowTC+
Hot–wet Orlando, Fla. Orlando Intl. Airport PG 70-10 PG 64-10 na na na
Hot–dry Phoenix, Ariz. Phoenix Sky Harbor Intl. PG 76-10 PG 70-10 na na na
Cold–wet Portland, Maine Portland Intl. Jetport PG 52-28 na PG 52-22 PG 52-16 PG 52-10
Cold–dry Intl. Falls, Minn. Intl. Falls Intl. Airport PG 52-40 na PG 52-34 PG 52-28 PG 52-22
Temperate Los Angeles, Calif. Los Angeles Intl. Airport PG 58-10 PG 52-10 na na na
Note: Intl. = International; na = not applicable.
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modulus, |E*|, is specified with synthetic Level 1 |E*| versus tem-
perature versus frequency data generated with the sigmoidal master 
curve function:
( ) = δ + α
+ ( )β+γ
log *
1
(1)logE e tr
where
 E* = dynamic modulus (psi);
 tr = loading time at the reference temperature (s);
 δ, α =  fitting parameters, δ representing the minimum value (lower 
shelf) for E* and δ + α representing the maximum value 
(upper shelf); and
 β, γ =  fitting parameters describing the shape (horizontal loca-
tion and slope) of the sigmoidal function in the transition 
region between the lower and upper shelves.
The δ and α parameters in Equation 1 were varied directly in the 
sensitivity analyses. Consistent with concepts underlying the Witczak 
empirical E* model (1), γ is a constant, β is a function of binder 
TABLE 2  HMA Thickness Ranges
Low Traffic Medium Traffic High Traffic
Level Input Parameter Baseline Min. Max. Baseline Min. Max. Baseline Min. Max.
AADTT–nominala 1,000 500 5,000 7,500 5,000 10,000 25,000 20,000 30,000
Design lane 375 188 1,875 2,063 1,375 2,750 6,250 5,000 7,500
Flexible ESALs (in millions) 1.79 0.90 8.95 9.82 6.55 13.1 29.8 23.8 35.7
HMA thickness 6.5 5 8 10 8 12 12.5 10 15
Base thickness 6 1 10 7 1 14 9 1 18
Note: Min. = minimum; max. = maximum; ESAL = equivalent single-axle loads.
aBased on MEPDG Interstate Highway Truck Traffic Class 4 Level 3 default vehicle distribution.
TABLE 3  Input Parameter Ranges for Flexible Pavement Design
Input Parameter
OAT  
Sensitivity Minimuma Maximuma
Operational speed S 30 70
Ground water depth S 2 18
Surface shortwave absorption VS 0.80 0.98
HMA unit weight S 134.9 164.9
HMA Poisson’s ratio VS 0.315 0.385
HMA thermal conductivity S 0.44 0.81
HMA heat capacity S 0.22 0.40
Delta in HMA sigmoidal curve HS 2.75b 2.91b
Alpha in HMA sigmoidal curve HS 3.82b 3.98b
Effective binder content in HMA VS 6 14
Air void in HMA VS 4 10
Base resilient modulus VS 15,000 40,000
Base Poisson’s ratio S 0.315 0.385
Subgrade resilient modulus VS 10,000 20,000
Subgrade Poisson’s ratio S 0.315 0.385
Subgrade percent passing No. 200 sieve S 24 99
Subgrade plasticity index S 0 62
Subgrade liquid limit S 26 92
Tensile strength at 14°F S 475 1,600
HMA creep compliance D at −4°F S 1.54 E–07 4.44 E–07
  14°F S 2.48 E–07 6.86 E–07
  32°F S 3.35 E–07 9.19 E–07
HMA creep compliance m at −4°F VS 0.246 0.181
  14°F VS 0.276 0.351
  32°F VS 0.608 0.475
Aggregate coefficient of contraction NS 2 E–6 7 E–6
Note: S = sensitive; VS = very sensitive; HS = hypersensitive; NS = not sensitive; no. = number.
aAll values are in same units as MEPDG inputs.
bEncompasses two-thirds or more of mixtures in the Bari–Witczak database (27).
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viscosity η at the temperature of interest, and tr is the loading rate, 
a function of traffic speed.
The baseline values for the correlated unbound material proper-
ties of the percentage passing the Number 200 sieve (P200), grain 
diameter at 60% passing (D60), plasticity index, and liquid limit 
were determined from the sampled resilient modulus (MR) values 
with the procedures described by Schwartz and others (24, 28, 29). 
The sampled values for P200, D60, plasticity index, and liquid limit 
were varied by ±10% about the baseline values to reflect less-than-
perfect correlation with MR.
Special low-temperature cracking simulations that use unreal-
istic binder grades having excessively stiff low-temperature char-
acteristics were needed for evaluating the sensitivity of thermal 
cracking to MEPDG design inputs. Details about these special input 
considerations are given elsewhere (24).
latin hypercube Sampling
The GSA requires Monte Carlo simulation for examining the entire 
parameter space. Latin hypercube sampling (LHS) was adopted for 
generating the GSA simulation inputs. LHS is a widely used variant 
of the standard or random Monte Carlo method (30). The efficiency 
of the LHS approach reduces by a factor of five to 20 the required 
number of simulations, compared with the conventional Monte 
Carlo method, while retaining complete coverage of the input space. 
Guidelines from the literature for the minimum numbers of LHS are 
(4/3) × K (31), (3/2) × K (32), and 2 × K (33), where K is the number of 
model inputs. Suggested upper bounds for the numbers of simulation 
samples are 3 × K (34) and 10 × K (25, 32, 35).
In reality, both the lower and upper bounds for the number of simu-
lations are dependent on the specific problem and on the intended use 
of the simulation results. A limited parametric investigation suggested 
that sufficiently stable results could be obtained from approximately 
400 to 500 simulations per base case, or approximately 20 × K (24). 
This range is expected to be conservative because it substantially 
exceeds even the highest numbers cited in the literature.
MePdG GSA Simulations
GSA required many thousands of MEPDG simulation runs. The 
AutoIt scripting utility (http://www.autoitscript.com/autoit3/index.
shtml) was adopted for automating the entry and creation of MEPDG 
input files, initiating the MEPDG execution, and collecting the 
analysis results into a central spreadsheet repository. AutoIt scripts are 
compiled into a standalone executable that can be easily distributed 
and run on multiple host computers. More than 10,000 MEPDG runs 
were performed for the GSA for each pavement type.
Response Surface Models
The GSA simulations provided predictions of pavement performance 
at random discrete locations in the problem domain. For computing 
sensitivity indices as defined in the next subsection, evaluating the 
derivatives of distress with respect to design inputs at specific discrete 
locations is necessary. Fitting a continuous response surface model 
(RSM) to the randomly located GSA simulation results makes this 
evaluation possible. The derivatives can be either expressed analyti-
cally from the RSM or estimated numerically with finite difference 
approximations.
Two RSM approaches were used in this study: multivariate linear 
regression (MVLR) and artificial neural networks (ANNs). MVLR 
estimates the linear functional trends between model outputs (i.e., 
individual distresses) and model inputs (i.e., a set of design inputs). 
ANNs, in contrast, provide a function-free numerical approximation 
of the nonlinear relationship between distresses and design inputs.
The MVLR is defined in normalized terms as follows:
Y
a a
X
X
j
j
i
i
ii
n∑= +
=
DL
(2)0
1
where
 Yj = j (e.g., AC rutting),
 DLj =  design limit or range for distress j (e.g., 0.25 in. for AC 
rutting),
 Xi = design input i,
 X–i = mean value of Xi,
 a0 = intercept, and
 ai = regression coefficients.
The ANN is a newer technique that has become a standard data 
fitting tool for problems that are too complex, poorly understood, 
or resource-intensive to address with more traditional numerical or 
statistical techniques. They can be viewed as similar to nonlinear 
regression except that the functional form of the fitting equation does 
not need to be specified a priori. Ceylan et al. described the basic 
concepts underlying standard backpropagation ANNs (36). Details 
of the specific ANN modeling techniques employed in this study 
are available from Schwartz et al. (24). Separate ANN models were 
developed for each distress–climate zone combination for each pave-
ment type. Seventy percent of the GSA simulations for each distress– 
climate zone combinations were used for training, 15% were used 
for validation (to halt training when generalization stops improving), 
and the remaining 15% were used for independent testing of the 
trained model.
Sensitivity Metrics
A wide variety of metrics is available for quantifying the sensitivity 
of model outputs to model inputs. No individual metric is ideal for 
all the variables in this study. The primary metrics used for GSA 
are the regression coefficients from the normalized MVLR and a 
point-normalized sensitivity index from the ANN models.
MVLR provides estimates of the average sensitivities of distresses 
to inputs across the solution domain. Specifically, the individual 
coefficients, ai, in the normalized regression equation (Equation 2) 
represent the average sensitivity of the normalized distress to the 
normalized input, i. In other words, ai represents the percentage 
change in a distress relative to its design limit or range caused by 
a given percentage change in the design input relative to its mean 
value. Because the ai values are fixed quantities, they cannot cap-
ture sensitivity variations at different locations within the problem 
domain. The ai values can provide only the average sensitivities over 
the problem domain.
The nonlinear ANN models, however, can provide point estimates 
of sensitivities across the problem domain. The point-normalized 
sensitivity index, Sijk, is defined as
S Y
X
X
Yijk
j
k i
ki
ji
=
∂
∂



 (3)
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in which Yji, Xki are the values of the model output j and design 
input k all evaluated at location i in the problem domain. The 
partial derivative can be approximated with a central difference 
approximation:
∂
∂ ≅
∆
∆
=
−
−
+ −
+ −
(4), 1 , 1
, 1 , 1
Y
X
Y
X
Y Y
X X
j
k i
j
k i
j i j i
k i k i
The Sijk sensitivity index can be interpreted as the local percentage 
change in model output Yj caused by a given percentage change in 
the model input Xk at location i in the problem domain. For example, 
Sijk = 0.5 implies that a 20% change in the local value of Xki will 
cause a 10% local change in Yji. Since Sijk is a local or point estimate 
of sensitivity, it will vary across the problem domain.
Problems were encountered in the calculation of Sijk for some 
analyses because the predicted distress values Yji (denominator 
in Equation 3) were near zero for some of the input sets, and 
artificially large sensitivity values resulted. To circumvent this 
problem, a design limit normalized sensitivity index (NSI) SijkDL 
is defined as
S Y
X
X
ijk
ji
ki
ki
j
= =
∆
∆
NSI
DL
(5)DL
where
 ΔXki = change in design input k about Xki,
 ΔYji = change in predicted distress j corresponding to ΔXki, and
 DLj = design limit for distress j.
The design limit NSI, SijkDL, is called simply the NSI, as in Equation 5. 
The NSI always uses the design limit as the normalizing factor for 
the predicted distress.
As an example, consider total rutting as distress j and granular 
base resilient modulus as input k (i.e., Xki). The design limit for total 
rutting (DLj) is 0.75 in. For some combination of inputs (location i 
in the problem domain), the design limit normalized sensitivity of 
total rutting to granular base layer resilient modulus (SijkDL or NSI) 
equals −0.25. The negative sign implies that a decrease in base resil-
ient modulus (ΔXki) will cause an increase in total rutting (ΔYji). The 
increase in total rutting caused by a 10% decrease in granular base 
resilient modulus can be calculated as
∆ = ∆ = ∆


= − =
NSI DL NSI DL
0.25 0.10 0.75 in. 0.01875 in.
Y X
X
X
Xji ki
j
ki
ki
ki
jp p p p
p p
(See Equation 5.) According to the results of the OAT sensitivity 
analysis and GSA, sensitivity categories are defined as hyper-
sensitive (NSI ≥ 5), very sensitive (1 ≤ NSI < 5), and sensitive 
(0.1 ≤ NSI < 1).
ReSultS
RSM Results
Inputs used for the flexible pavement RSMs are listed in Table 3. 
The outputs for the RSMs are the predicted distresses: longitu-
dinal cracking, alligator cracking, thermal cracking, AC rutting, 
total rutting, and IRI at the end of the 15-year service life. Sepa-
rate RSMs were developed for each combination of distress and 
climate.
Goodness-of-fit statistics such as the coefficient of determination 
(R2), root mean squared error (RMSE), and normalized standard 
error (Se/Sy) for the MVLR RSMs are summarized in Table 4 by 
climate zone and distress. The dimensions of the RMSE are the same 
as those of the predicted distress, while R2 and Se/Sy are dimension-
less. The R2 values range from about 0.3 to 0.9, and the longitudinal 
and alligator cracking distresses tend to have smaller R2 values and 
rutting and IRI distresses tend to have relatively better goodness-of-
fit statistics. The low R2 values for many of the MVLR RSMs are not 
unexpected. The relationships between design inputs and distress 
outputs are expected to be complexly nonlinear; the MVLRs can 
provide only a rough first-cut assessment of sensitivities.
Goodness-of-fit statistics for the ANN RSMs are also summarized 
in Table 4 by climate zone and distress. The NN column describes the 
ANN network architecture; all ANN RSMs for the new HMA with 
proper PG grade scenarios used 23 input neurons, five hidden neurons 
in one layer, and one output neuron. There were four additional input 
neurons in the thermal cracking ANN RSMs to allow for the HMA 
low-temperature material inputs. The n column gives the combined 
number of GSA simulations used for training, validating, and test-
ing the model. Overall, the ANN RSM model fits were very good. 
The R2 values approached 1.00 for rutting and IRI and were only 
slightly smaller for the cracking distresses; the lowest R2 value was a 
respectable 0.88 (alligator cracking, hot–wet climate).
Representative scatter plots for ANN-predicted versus MEPDG-
predicted distresses are provided in Figure 2 for cases showing good 
agreement (Figure 2a, total rutting) and poor agreement (Figure 2b, 
longitudinal cracking). The complete set of scatter plots graphically 
confirms the conclusions from the goodness-of-fit statistics that the 
ANN RSM models provide excellent fits for rutting and IRI and 
acceptably good fits for the cracking distresses (24). The high qual-
ity of the fits for these ANN RSMs suggests that enhanced versions 
of the RSM could be adequate substitutes in some cases for the more 
rigorous but laborious geomechanics computations in the MEPDG.
GSA Results
Figure 3 graphically summarizes by distress and climate zone the 
average sensitivities calculated with the MVLR RSMs. The high–
low–average plots in Figure 3 are sorted by maximum average 
sensitivity (in an absolute value sense), which indicates clearly the 
most important design inputs. The vertical lines represent the maxi-
mum and minimum values of the sensitivity index, and the short, 
thick horizontal bars represent the average value of the sensitivity 
index. The most sensitive inputs according to the MVLR RSMs in 
rank order for maximum absolute sensitivity across climate zones 
(sensitivity values equal to 0.50 or greater) by distress type are as 
follows:
• Longitudinal cracking: HMA E* alpha parameter, HMA E* 
delta parameter, HMA thickness, binder high-temperature PG, base 
resilient modulus, surface shortwave absorption, HMA air void, 
HMA effective binder volume, base Poisson’s ratio;
• Alligator cracking: HMA E* alpha parameter, HMA E* delta 
parameter;
• Thermal cracking: HMA aggregate coefficient of contraction, 
HMA E* alpha parameter, HMA effective binder volume, HMA 
thickness;
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TABLE 4  Goodness-of-Fit Statistics for MVLR and ANN RSMs
MVLR ANN
Climate Distress R2 RMSE Se/Sy NN n R2 RMSE Se/Sy
Cold–dry Longitudinal cracking .514 0.846 0.703 23-5-1 1,290 .92 700 0.291
Alligator cracking .431 0.121 0.761 23-5-1 1,290 .95 0.92 0.231
Thermal cracking .929 0.209 0.270 27-5-3 1,405 .98 99.0 0.128
AC rutting .725 0.250 0.529 23-5-1 1,290 .99 0.012 0.097
Total rutting .703 0.099 0.550 23-5-1 1,290 .98 0.019 0.140
IRI .662 0.035 0.586 23-5-1 1,290 .97 1.07 0.164
Cold–wet Longitudinal cracking .470 0.788 0.734 23-5-1 1,291 .93 558 0.260
Alligator cracking .424 0.101 0.766 23-5-1 1,291 .94 0.83 0.251
Thermal cracking .656 0.206 0.592 27-5-1 1,404 .94 87.7 0.251
AC rutting .735 0.224 0.519 23-5-1 1,291 .99 0.010 0.095
Total rutting .712 0.088 0.541 23-5-1 1,291 .98 0.016 0.134
IRI .679 0.030 0.572 23-5-1 1,291 .98 0.907 0.156
Temperate Longitudinal cracking .291 0.464 0.847 23-5-1 1,543 .89 389 0.327
Alligator cracking .439 0.047 0.754 23-5-1 1,543 .93 0.43 0.258
AC rutting .793 0.103 0.458 23-5-1 1,543 .99 0.0053 0.091
Total rutting .760 0.047 0.493 23-5-1 1,543 .98 0.011 0.145
IRI .749 0.016 0.504 23-5-1 1,543 .97 0.58 0.163
Hot–dry Longitudinal cracking .394 0.606 0.784 23-5-1 1,449 .93 440 0.261
Alligator cracking .443 0.063 0.751 23-5-1 1,449 .95 0.52 0.230
AC rutting .735 0.255 0.518 23-5-1 1,449 .99 0.013 0.102
Total rutting .719 0.096 0.534 23-5-1 1,449 .99 0.017 0.122
IRI .713 0.029 0.539 23-5-1 1,449 .98 0.90 0.148
Hot–wet Longitudinal cracking .356 0.658 0.810 23-5-1 1,272 .88 556 0.342
Alligator cracking .430 0.073 0.762 23-5-1 1,272 .92 0.67 0.277
AC rutting .755 0.159 0.500 23-5-1 1,272 .99 0.0093 0.116
Total rutting .715 0.068 0.539 23-5-1 1,272 .98 0.014 0.148
IRI .687 0.024 0.565 23-5-1 1,272 .97 0.78 0.170
Note: NN = neural network.
FIGURE 2  ANN-predicted versus MEPDG-predicted flexible pavement distresses: (a) total rut depth, hot–dry climate and (b) longitudinal 
cracking, cold–wet climate (HD = hot–dry; CW = cold–wet; RD = rut depth).
(a) (b)
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FIGURE 3  Ranking of average sensitivities from MVLR RSMs, new HMA: (a) longitudinal cracking, (b) alligator cracking, (c) thermal 
cracking, (d) AC rut depth, (e) total rut depth, and (f) IRI (TenStr14 = tensile strength at 14F; AggCoefContr = aggregate coefficient of 
contraction; other abbreviations explained in Table 5).
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• AC rutting: HMA E* alpha parameter, HMA E* delta param-
eter, HMA Poisson’s ratio, surface shortwave absorption, binder 
high-temperature PG, HMA thickness, traffic volume (AADTT);
• Total rutting: HMA E* alpha parameter, HMA E* delta param-
eter, binder high-temperature PG, surface shortwave absorption, 
HMA Poisson’s ratio, HMA thickness; and
• IRI: HMA E* alpha parameter, HMA E* delta parameter.
Most of these rankings are consistent with engineering judgment 
and the OAT analysis results. These average sensitivity indices quan-
tify the percentage change in predicted distress relative to its design 
limit caused by a given percentage change in each design input rela-
tive to its mean value. The average sensitivities are just the regres-
sion coefficients from the normalized MVLR RSMs, many of which 
had relatively poor goodness-of-fit statistics (Table 4). The values in 
Figure 3 are only rough indicators of average sensitivities and do not 
account for variations in sensitivities across the problem domain.
The ANN RSMs permit a more in-depth evaluation of sensitivi-
ties than does the MVLR approach. A total of 10,000 ANN RSMs 
were performed for each climate zone and distress combination with 
random sampling of all design inputs across the problem domain. 
The random sampling for these simulations was not by traffic level 
but rather spanned the full range of AADTT, AC layer thickness, 
and base thickness values. Some of the random samples inevitably 
gave unrealistic pavement sections that produced excessively large 
predicted distresses. Consequently, any simulation for which any 
predicted distress exceeded three times its design limit was censored 
from the database. In general, fewer than 30% of the simulations for 
each climate zone–distress combination were censored.
NSI values were calculated for each of the 10,000 simulations 
for each climate zone–distress combination. Table 5 summarizes 
the mean (µ) and standard deviations (σ) of the NSI values for AC 
rutting. Full-frequency distributions of the computed NSI values 
by design input and climate zone were depicted and documented 
elsewhere (24).
dISCuSSIon of ReSultS
The mean plus or minus two standard deviation (µ ± 2σ) NSI val-
ues were computed with the statistics for each distress (Table 5) 
based on the 10,000 ANN RSM evaluations for each climate zone 
and distress combination. These sensitivity limits are ranked by 
maximum absolute value across distresses in Table 6. The minus 
signs indicate that distress decreases with increasing input values. 
Shaded entries indicate the three most sensitive inputs for each 
TABLE 5  NSI Statistics from ANN RSMs for AC Rutting
Climate Zone
Cold–Dry Cold–Wet Temperate Hot–Dry Hot–Wet
Design Inputa Mean (µ) SD (σ) Mean (µ) SD (σ) Mean (µ) SD (σ) Mean (µ) SD (σ) Mean (µ) SD (σ)
Traffic volume (AADTTperLane) 0.88 0.50 0.80 0.47 0.43 0.24 0.98 0.55 0.57 0.30
HMA thickness (HMAThickness) −1.86 0.91 −1.68 0.84 −0.90 0.44 −2.09 1.06 −1.20 0.57
Base thickness (BaseThickness) 0.09 0.07 0.08 0.05 0.05 0.04 0.12 0.09 0.06 0.04
Operational speed (OpSpd) −0.48 0.24 −0.43 0.21 −0.21 0.11 −0.53 0.26 −0.28 0.14
Binder high-temperature PG (PGHigh) 0.00 0.00 0.00 0.00 −0.16 0.07 −0.36 0.15 −0.19 0.08
Binder low-temperature PG (PGLow) 0.13 0.06 0.11 0.05 0.00 0.00 0.00 0.00 0.00 0.00
Ground water depth (GWD) 0.00 0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.00 0.00
Surface shortwave absorption (SSA) 2.43 1.11 2.44 1.09 1.19 0.56 2.06 0.90 1.21 0.56
HMA unit weight (UnitW) −0.45 0.22 −0.42 0.22 −0.19 0.09 −0.43 0.22 −0.24 0.12
HMA Poisson’s ratio (Pratio) −1.85 0.80 −1.73 0.77 −1.12 0.51 −2.30 1.01 −1.50 0.66
HMA thermal conductivity (ThmlCn) 0.10 0.05 −0.01 0.01 0.00 0.01 0.04 0.02 0.03 0.02
HMA heat capacity (HtCp) −0.40 0.19 −0.38 0.19 −0.20 0.10 −0.42 0.19 −0.24 0.12
HMA E* delta parameter (Delta) −11.13 4.81 −10.2 4.47 −5.92 2.71 −13.11 5.66 −7.82 3.44
HMA E* alpha parameter (Alpha) −10.24 4.41 −9.80 4.40 −6.24 2.84 −13.13 5.64 −7.99 3.60
HMA effective binder volume (Vbeff) 0.01 0.02 0.03 0.03 0.01 0.02 0.03 0.03 0.02 0.02
HMA air void (Va) −0.01 0.02 0.00 0.02 −0.01 0.01 0.01 0.01 −0.01 0.02
Base resilient modulus (BaseMr) 0.06 0.04 0.08 0.05 0.03 0.02 −0.04 0.02 0.06 0.04
Base Poisson’s ratio (BasePR) −0.04 0.06 −0.02 0.03 0.00 0.02 −0.06 0.06 −0.03 0.04
Subgrade resilient modulus (SubMr) 0.00 0.04 0.05 0.05 0.04 0.04 0.03 0.07 0.03 0.03
Subgrade Poisson’s ratio (SubPR) 0.02 0.03 0.02 0.03 0.01 0.02 0.03 0.03 0.03 0.03
Subgrade percent passing No. 200  
  (SubN200)
−0.02 0.02 −0.01 0.02 −0.01 0.02 −0.03 0.03 −0.02 0.02 
Subgrade plastic index (SubPl) 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00 0.00
Subgrade liquid limit (SubLL) −0.04 0.03 −0.03 0.02 −0.01 0.01 −0.04 0.02 −0.01 0.02
Note: SD = standard deviation.
aAbbreviations in parentheses are used in Figure 3.
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distress. The rankings and µ ± 2σ values in Table 6 are judged to be 
the best measures of the design input sensitivities in the MEPDG.
Figure 4 provides graphical summaries of the input sensitivities by 
distress. The solid bars in the figures indicate the mean NSI values, 
and the error bars correspond to one standard deviation. All the figures 
have the same horizontal axis range so that the differences in sensi-
tivities across distresses can be evaluated. The sensitivities are broken 
down by climate zone for each design input.
Figure 4 highlights the differences in sensitivities between the 
categories. For all distresses there is a sharp drop in bar lengths 
between hypersensitive and very sensitive and again from very 
sensitive to sensitive. At NSIµ±2σ = 1 corresponding to the upper 
limit of the sensitive range in Table 6, the percentage change in 
distress relative to its design limit equals the percentage change 
in the design input. This is very small in practical terms, especially 
because it is defined at the µ ± 2σ level. The focus of the pavement 
designer should therefore be on the hypersensitive and very sensi-
tive design inputs; these are the values that must be most carefully 
determined.
These results match engineering judgment and experience in 
overall terms. Although the details vary by distress type, the HMA 
layer properties (dynamic modulus parameters and layer thickness 
in particular) are consistently the highest sensitivity inputs, with sub-
grade modulus and granular base modulus and thickness following 
at a distance. Traffic volume is also an important design input, as 
expected. However, a few observations from Table 6 and Figure 4 
merit discussion:
• The most sensitive design inputs for longitudinal cracking, 
alligator cracking, AC rutting, total rutting, and IRI had very little 
overlap with the most sensitive design inputs for thermal cracking. 
This lack of overlap most likely occurs because the former are pri-
marily load-related distresses, but thermal cracking is exclusively 
driven by environment.
TABLE 6  Ranking of HMA Design Inputs by Maximum NSIμ+2s Values (ANN RSMs)
Maximum NSIµ+2σ Values (ANN RSMs)a
Design Input
Long. 
Crack
Alligator 
Crack
Thermal 
Crack
AC Rut 
Depth
Total Rut 
Depth IRI Max.
Hypersensitive (NSIµ±2σ > 5)
HMA E* alpha parameterb −29.52 −15.94 −0.58 −24.40 −8.98 −3.58 −29.52
HMA E* delta parameterb −23.87 −13.18 2.41 −24.43 −8.99 −2.80 −24.43
HMA thickness −10.31 −7.46 −0.86 −4.21 −1.58 −1.11 −10.31
Very Sensitive (1 < NSIµ±2σ < 5)
HMA creep compliance m exponent na na −4.85 na na na −4.85
Base resilient modulus −4.72 −2.73 −0.17 0.14 −0.15 −0.36 −4.72
Surface shortwave absorptivity 4.32 1.28 −0.20 4.65 1.67 0.67 4.65
HMA air voids 4.47 3.39 1.33 −0.05 0.03 0.29 4.47
HMA Poisson’s ratio −2.38 −1.01 0.23 −4.33 −1.46 −0.43 −4.33
Traffic volume (AADTT) 3.72 3.94 0.02 1.87 0.66 0.51 3.94
HMA effective binder volume −3.88 −2.93 −0.17 0.05 0.06 −0.24 −3.88
Subgrade resilient modulus −2.07 −3.41 0.15 0.08 −0.28 −0.44 −3.41
Base thickness −2.40 −1.02 −0.03 0.22 0.04 −0.09 −2.40
Subgrade percent passing No. 200 −1.71 −0.68 0.08 −0.10 −0.10 −0.12 −1.71
HMA tensile strength at 14°F na na −1.59 na na na −1.59
Operational speed −1.26 −0.83 −0.04 −1.06 −0.39 −0.15 −1.26
HMA creep compliance D parameter na na −1.03 na na na −1.03
Sensitive (0.1 < NSIµ±2σ < 1)
HMA unit weight −0.88 0.97 −0.76 −0.88 −0.30 −0.08 0.97
Base Poisson’s ratio 0.91 0.90 0.18 −0.19 −0.05 0.09 0.91
HMA heat capacity −0.76 −0.55 −0.77 −0.81 −0.28 −0.14 −0.81
Subgrade liquid limit −0.67 −0.79 −0.10 −0.10 0.07 0.03 −0.79
Binder low-temperature PG 0.56 0.09 −0.74 0.25 0.09 0.02 −0.74
HMA thermal conductivity −0.53 −0.40 −0.67 0.20 0.04 0.02 −0.67
Binder high-temperature PG −0.60 −0.48 0.00 −0.66 −0.25 −0.09 −0.66
Subgrade Poisson’s ratio 0.44 −0.59 0.16 0.08 0.07 0.04 −0.59
Groundwater depth 0.20 −0.16 0.08 0.01 −0.02 −0.02 0.20
Subgrade plasticity index −0.15 0.11 0.03 0.01 0.02 0.00 −0.15
Insensitive (NSIµ±2σ < 0.1)
Aggregate coefficient thermal contraction na na −0.07 na na na −0.07
Note: long. = longitudinal; max. = maximum.
aMaximum sensitivity (in absolute value sense) over all baseline cases and distresses. 
bSee Equation 1.
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FIGURE 4  Ranking of new HMA design inputs: (a) longitudinal cracking, (b) alligator cracking, (c) AC rutting, (d) total rutting,  
and (e) IRI.
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• The sensitivity index values for each distress–design input 
combination do not vary substantially or systematically by climate 
zone.
• In interpretation of the very large sensitivity values for the HMA 
E* Alpha and Delta parameters, the typical ranges for these param-
eters are very narrow. The standard deviations for α and δ are only 
1.6% and 3.5% of their mean values, respectively (27 ). The high 
sensitivity of most predicted distresses to the HMA E* Alpha and 
Delta parameters suggests a careful Level 1 characterization of HMA 
dynamic modulus for important projects.
• Poisson’s ratio was an unexpectedly sensitive input for HMA 
and, to a lesser extent, for the subgrade. Poisson’s ratio is convention-
ally thought to have only a minor effect on pavement performance, 
and consequently its value is usually assumed for design. These 
findings suggest a need for reexamination.
• HMA unit weight was also an unexpectedly sensitive input. 
Although density is correlated with performance in the real world, 
in the MEPDG models the unit weight input has only a minor influ-
ence on the calculated stresses and strains on the mechanistic side and 
is not used at all in any of the distress models on the empirical size. 
The reasons for the high sensitivity of predicted distresses on unit 
weight are unclear. It is possible that HMA unit weight is included 
in an obscure way in some of the secondary models in the MEPDG. 
Further investigation is warranted. HMA air voids are a separate input 
from unit weight, and air void input plays a role in the mechanistic 
material properties (e.g., the Level 3 dynamic modulus model) and 
the distress models.
ConCluSIonS And ReCoMMendAtIonS
The sensitivity of MEPDG-predicted flexible pavement perfor-
mance to design inputs was evaluated through comprehensive GSA. 
Selection of design inputs for the GSA was based on findings from 
previous acceptable sensitivity studies and on quantitative evalua-
tions made with OAT local sensitivity analyses. The GSA varied all 
design inputs simultaneously across the problem domain for each of 
15 base cases (five climates and three traffic levels). RSMs were fit 
to the GSA results for evaluation of design input sensitivities across 
the problem domain.
Conclusions about the GSA methodology used in this study are 
as follows:
• ANN RSMs provided generally robust and accurate represen-
tations of the complex relationships between design inputs and dis-
tress outputs. The ANNs achieved excellent goodness-of-fit statistics 
for most distresses, although cracking was more problematic than 
rutting or IRI. ANN RSMs captured the variation of sensitivities 
across the problem domain, which allowed generation of frequency 
distributions and summary statistics (minimum, maximum, mean, 
standard deviation, etc.). Enhanced versions of ANN RSMs (e.g., 
to include climate effects more explicitly) in some cases could be 
adequate replacements for the more rigorous but laborious geo-
mechanics computations in the MEPDG. Ceylan and Gopalakrishnan 
have demonstrated this approach (37).
• The design limit NSI adopted for this study has the practical 
interpretation of relating a given percentage change in a design 
input to the corresponding percentage change in predicted distress 
relative to its design limit value. At NSI = 1, the percentage change 
in distress relative to its design limit equals the percentage change 
in the design input. For the purposes of understanding which pave-
ment design inputs are most important, the relative magnitudes of 
the NSI values are more important than their precise values.
The major conclusions drawn from the results from the GSA for 
flexible pavements are as follows:
• Only the HMA properties were consistently in the highest 
sensitivity categories: the E* master curve δ and α parameters 
(i.e., the lower and upper shelves of the master curve), thickness, 
surface shortwave absorptivity, and Poisson’s ratio. None of the base, 
subgrade, or other properties (e.g., traffic volume) were consistently 
in the two highest sensitivity categories for the majority of distresses. 
However, longitudinal and alligator fatigue cracking were very sensi-
tive to the granular base thickness and resilient modulus and subgrade 
resilient modulus inputs.
• The sensitivity values for longitudinal cracking, AC rutting, 
and alligator cracking were consistently and substantially greater 
than the values for IRI and thermal cracking.
• The sets of sensitive design inputs for longitudinal cracking, 
alligator cracking, AC rutting, total rutting, and IRI had very little 
overlap with the set of sensitive design inputs for thermal cracking, 
most likely because the former are primarily load-related distresses, 
but thermal cracking is exclusively environment driven.
• Little or no thermal cracking was predicted with use of the 
correct binder grade recommended by LTPPBind (98% reliability). 
The low-temperature binder grade had to be shifted two or three 
grades stiffer (warmer) for sufficient thermal cracking distress to be 
generated for evaluation of the sensitivity metrics.
Guidance for the pavement designer on how to address high-
sensitivity or critical design inputs varies depending on the specific 
design input. Some high-sensitivity inputs can be specified very 
precisely, for example, HMA thickness. Other properties must be 
measured or estimated. The high sensitivity to the HMA dynamic 
modulus indicates a need for careful characterization of this prop-
erty. Mix-specific laboratory measurement of dynamic modulus may 
be appropriate for high-value projects. The high sensitivity of the 
Poisson’s ratio suggests that instead of use of the typical values, this 
property should be defined for the materials used in the design. The 
high sensitivities to surface shortwave absorptivity for all asphalt 
surfaces are more problematic because this absorptivity cannot be 
readily measured, guidance about realistic values for specific pav-
ing materials is lacking, and surface shortwave absorptivity can vary 
substantially over time as the pavement ages. For these as well as all 
other high-sensitivity design inputs, the pavement designer should 
perform project-specific design sensitivity studies for evaluating the 
consequences of uncertain input values.
The results of this study provide guidance for additional research 
and potential enhancement to individual components of the MEPDG 
methodology. For example, the high sensitivity to the Poisson’s ratio 
may be a consequence of the multilayer linear elastic theory; sensi-
tivity to the Poisson’s ratio may be much different for real pavement 
materials that are usually nonlinear and inelastic. The high sensitiv-
ity to surface shortwave absorptivity suggests that methods should 
be developed for better quantifying this parameter and for modeling 
its change over the life of the pavement.
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